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Single-stranded RNA has the unique potential to both code and fold. Given the near 
ubiquitous conservation of fundamental translational processes, the coding potential of 
any sequenced genome has largely been identified. However, it is becoming increasingly 
clear that a transcriptome’s structural landscape has evolved to interact with a diverse 
range of cellular processes. Structures formed by intermolecular base pairing can evolve 
to define stability, cofactor targeting, and catalytic reactions (1, 2, 3). Many of these 
structures are expressed as stand-alone regulatory modules or enzymes (known as 
ribozymes). But often, as is the case with mRNA, these structures are coevolved within 
an integrated coding sequence.  
 
Most of the genome is transcribed (4, 5). Though some of this transcription is undoubtedly 
non-functional, most has yet to be sufficiently studied for a conclusive determination. This 
is primarily due to the difficulties of assigning function to non-coding RNA (ncRNA). 
Coding RNA, transcribed from protein-coding genes, is typically identified via genome 
scans for open reading frames (ORFs) downstream of start codons. There are no known 
universal identifiers for ncRNA.  Void of coding potential, a strong indicator of function is 
a transcript’s conformational stability (6). Therefore, methods and experiments that 
quantify transcript structure and detect potentially functional candidates in a genome-wide 
approach are invaluable in understanding the genome.  
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We have adapted the Parallel Analysis of RNA Structure (PARS) method to probe for 
functional transcripts across both prokaryotic and eukaryotic genomes. We used an 
unbiased approach of transcribing all regions of the genome, in vitro, into equally sized 
short RNAs that were then treated with single- or double-strand RNA endonucleases. Our 
method allowed us to generate a more evenly distributed pool of transcripts that includes 
sequences that are typically underrepresented or lost during RNA processing. We 
detected strong signatures of structure across mRNA as well as new, potentially 
functional, loci associated with stable RNA conformations. We further applied the method 
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In 2005, Alison Smith’s lab at Cambridge published a study in Nature (64) providing 
evidence for a symbiotic relationship between algae and bacteria. In this relationship, 
the algae utilize vitamin B12 that is synthesized by the bacteria. The vitamin, a 
necessary cofactor for a number of important biosynthetic enzymes in algae, can only 
be derived from environmental sources as algae lack the components required for B12 
synthesis. Interestingly, the study went on to show that the vitamin could additionally 
regulate B12-independent factors that function redundantly in the same pathways as 
their B12-dependent partners. Regulation of biosynthetic pathways by their output is 
known to be a common mechanism in bacteria. This feedback often occurs via 
combined sensing and functional switching of ligand-specific riboswitches. The 
simplicity and deep prokaryotic conservation of such a mechanism, along with the 
intriguing results from algae, likely sparked, or significantly strengthened, motivation in 
the search for riboswitches in eukaryotes.  
 
The total number of riboswitches discovered in eukaryotes, to date, is one. The TPP 
riboswitch, which binds thiamine and its derivatives, was also discovered by the Smith 
lab. It was identified in algae where it is located in an intron of two separate genes 
involved in thiamine synthesis (34). The TPP riboswitch has since also been found in 
multiple plant species. Here, deep sequencing and transcriptome analysis across 
several species and phyla were required to identify genomic loci that potentially harbor 
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riboswitches. Understanding the level at which riboswitches influence eukaryotic gene 
regulation, and characterizing the diversity of functions that they exhibit, is crucial in 
defining how complex genomes work. 
 
Recently, the low cost of high-throughput sequencing and the ease of constructing 
customized sequencing libraries has allowed molecular biologists to develop novel and 
creative methods for studying genomes. Motivated by the potential existence of a 
widespread, minimal eukaryotic gene regulatory system and the prospective for unique 
sequencing approaches to uncover elusive mechanisms, I conceptualized and tested a 
unique method aimed at facilitating the search for functional transcript domains, 
including riboswitches.    
 
1.1   RNA Function 
The Central Dogma - the one-way genomic coding of messenger RNAs that are then 
translated into the cell’s protein-based machinery - is quickly becoming an overly 
simplistic concept in modern molecular biology. We now know that messages can also 
be reversibly coded and transmitted horizontally (7, 8), and can encode a diverse array 
of functions apart from templates for protein synthesis (9, 10). Indeed, RNA’s function as 
a transcript for protein coding could be vastly outnumbered by alternative functions based 
instead on structure and that influence metabolism and gene regulation. Additionally, 
structure-based and coding-based RNA sequences are not mutually exclusive. Their 
sequences have coevolved to take advantage of both mechanisms, integrating multiple 
	 3	
levels of coding and regulation (11, 12). Associating the deep knowledge of RNA 
expression and translation with structural information is an important aspect of 
understanding cellular behavior. 
 
Discoveries that RNA is a multi-purpose polymer have been plentiful and revolutionary. 
The largest and most complex cellular machine, the ribosome, is composed of mostly 
RNA (13, 14). The principles of how the ribosome manufactures protein, and how those 
proteins manufacture RNA, are an ongoing paradox of how life began and evolved on the 
planet. The discovery that RNA can fold and catalyze enzymatic reactions has greatly 
supported the hypothesis that all of the complex life that we see today came about through 
mechanisms and progressive changes in what first began as solely RNA-RNA 
interactions (15, 16).  
Apart from messaging and protein synthesis, RNA is a key molecular species involved in 
genetic and metabolic regulation. The best-studied class of regulatory RNA, miRNA, has 
been found in nearly every eukaryotic genome studied so far (17, 18). Other ncRNAs, like 
enhancer RNAs, are only recently beginning to be understood (19, 20, 21). The inventory 
of functions carried out by RNA is constantly growing. 
 
1.2   RNA Structure 
The discovery and characterization of the structure of DNA initiated modern molecular 
biology (22). James Watson and Francis Crick, in their seminal paper, were quick to note 
the profound implications of DNA’s double-stranded structure. Through complementary 
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hydrogen bonding, or Watson and Crick base pairing, each strand can use the other as 
a template to produce the other. Therefore, all genetic code can be replicated and 
maintained with near-perfect fidelity. For the genome, this is a vital feature. It would later 
be discovered that this base pairing is also an intriguing feature of RNA (23, 24). That’s 
because the single-stranded nature of RNA allows each transcript to form intra- and inter-
molecular reversible bonds. However, determination of which bases actually do form base 
pairs is not straightforward. Thus, new methods have been developed to experimentally 
determine the structural character of RNA.  
 
1.3   Riboswitches 
RNA translates genetic code, constructs proteins, builds and breaks chemical bonds, 
programs complexes for precision targeting, and senses environmental changes (25, 26). 
One example is the dual-domain riboswitch. A riboswitch is an RNA, or RNA region, that 
detects and responds to chemical changes in the cellular environment. Riboswitches are 
composed of two linked functional domains: the sensory or ligand-binding domain called 
the aptamer, and a regulatory or expression domain (27, 28, 29, 30). These domains 
allow for a rapid sensing and response mechanism. For example, a riboswitch that binds 
to cobalamin can be used to effectively regulate the efficient expression of cobalamin 
synthesis components. This can be achieved by the expression of the riboswitch within 
one of the component’s untranslated regions (UTRs). In the presence of low levels of 
cobalamin, the riboswitch expression domain folds in a manner that allows a nearby 
ribosomal binding site (RBS) to be displayed and translation of the component to proceed 
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(31). As expression, and thus cobalamin synthesis, increases, high levels of cobalamin 
now bind the riboswitch aptamer. Binding of the aptamer initiates refolding of the 
riboswitch into an alternate structure that sequesters and “hides” the RBS, resulting in 
down regulated cobalamin synthesis.  
Detection of RNA structures that are functional in bacteria is greatly improved by the 
considerable progress made in computational folding and the maintenance of the 
structural database Rfam (32, 33). Because the large majority of characterized RNA 
structures come from prokaryotes, computational folding and the databases their 
algorithms are based on, provide limited insight into eukaryotic RNA structure. Even when 
a riboswitch of the same type exists in a eukaryotic genome, it may be too distantly related 
to be detectable by sequence comparisons, even ones that use structural information 
explicitly.  For example, the only experimentally defined riboswitch in the single-cell algae 
Chlamydomonas reinhardtii is the TPP riboswitch (34, 35). The algal TPP riboswitch 
displays an obvious relationship to the prokaryotic riboswitch when manually aligned to 
the structure, but a search of the Rfam database, using a sequence and structure based 
hidden Markov model, failed to identify a match at all to the existing models of TPP 
riboswitches (Fig 1).  In addition to co-varying sequence differences in some of the stem 
structures (conserving the ability to form a basepaired stem even if the sequence has 
changed), the algal sequence has very different loop sizes that evidently make it difficult 
to detect the similarities between the algal riboswitch and the ones in the Rfam database 
that define the model. Interestingly, those Rfam sequences include a number of plant 
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riboswitches, but those, too, are different enough from the algal sequence to make 
detection impossible.  
Riboswitches are an evolutionarily flexible regulatory element that can fine-tune and 
redirect metabolic flux quickly and discriminately. It is to be expected that these regulatory 
elements would be as abundant in unicellular eukaryotes as they are in prokaryotes, and 
indeed may be abundant in multicellular organisms as well, sensing small molecules used 
in cell-cell communication. However, the sequences of homologous riboswitches may 
well have diverged to the point where they can no longer be recognized, as is the case 
for the algal TPP riboswitch, and novel riboswitches are quite difficult to discover 
experimentally.  Thus, new methods that allow for riboswitch discovery could uncover a 
level of RNA-based gene regulation that has yet to be fully appreciated. 
 
1.4   RNA Secondary Structure Determination 
Determination of RNA structure, historically, involved the difficult process of purification 
and renaturation, optimized hydrolysis, and the sensitive resolving of RNA fragments on 
a long denaturing gel (46, 47). Though difficult, these methods have allowed for the 
elucidation of numerous important RNA molecules (45). However, the advent of next 
generation sequencing (NGS), in conjunction with traditional methods, has allowed for 
the relatively easy determination of structure among large libraries of RNA in a high-
throughput manner. A number of protocols have been developed (48, 49, 50, 51). Though 
their details may differ, such as how the samples are prepared for sequencing, the 
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underlying concept is the same: collect a diverse pool of RNA and cut or chemically 
modify the pool in a way that “marks” regions that are double-stranded.  
1.5   High-throughput Structuromics 
One such method is Parallel Analysis of RNA Structure, or PARS (48). In PARS, cells or 
tissues are lysed and their total RNA extracted. The purified pool of RNA is then poly-A-
selected to isolate mRNA from total RNA. Ribosomal RNA, whose structure has been 
determined in many organisms and is highly conserved, constitutes the vast majority of 
total RNA and would thus be greatly overrepresented in sequencing libraries. Poly-A 
selection filters the sample to enrich for mRNA allowing for a practical analysis of an 
organism’s transcriptome. The mRNA sample, denatured during purification, is then fully 
heat-denatured and slowly cooled to reconstitute the most thermodynamically favored 
structure. Structured (i.e. double-stranded vs. single-stranded) bases are then 
discriminately modified with chemicals or enzymes. In PARS methodology, two samples 
of the same pool are differentially treated with endonucleases (enzymes that make 
internal cuts in the phosphate sugar backbone of nucleic acids). The endonucleases used 
with each sample differ in the structural nature of their substrate. One endonuclease, S1, 
recognizes and cleaves the backbone at single-stranded regions. The other nuclease, 
V1, instead cuts at regions that are double-stranded. These two samples can then be 
processed into sequencing libraries, sequenced, and each read assigned a double-strand 
or single-strand score (calculated as a ratio of double-strand reads to single-strand 
reads).  
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PARS was first used to probe the in vivo RNA structurome of budding yeast (48). Along 
with confirming high-resolution secondary structures of multiple ncRNAs, the study 
characterized genome-wide features of mRNA structure. This included a lack of structure 
at translational start sites and structural signatures common within transcripts of 
functionally similar proteins. In two follow-up studies, PARS was used to analyze 
structural thermodynamics of the yeast transcriptome (52), and later to investigate the 
significance of single nucleotide polymorphisms (SNPs) on structure in a closely related 
trio of human genomes (53). Similar methods, like Frag-Seq and SHAPE-Seq, have been 
used to characterize secondary structure across a transcriptome (49, 50).   
With the exception of the study on yeast structurome thermodynamics, these methods 
have been primarily applied to a static and stable pool of RNAs in a single environment. 
However, in nature, the extracellular environment and a cell’s intracellular chemical state 
are constantly changing. Thus, augmenting structuromic methods to analyze RNA 
libraries prepared from samples across a diverse range of cellular environments should 
provide a deeper understanding of the dynamics and behavior of the transcriptome. 
Furthermore, modifying the protocols to include a more comprehensive set of RNA 
species should allow for the identification of transcripts, such as intronic RNAs and other 
ncRNAs, that are underrepresented or excluded in current protocols.  
Although PARS and other methods, like FragSeq and SHAPE-Seq, allow for the 
processing and collection of large sets of structural information, they have been limited 
by the shape and variation of the in vivo transcriptome. Regulatory programming, intrinsic 
and extrinsic noise, and stability all contribute to an individual transcripts expression. 
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Furthermore, a highly abundant transcript in once cell type or environment can be 
completely absent in another. Therefore, samples that are extracted from homogenous 
cultures are often missing data from large subsets of genes. This issue can be further 
compounded by biases introduced in purification and amplification during library 
construction.  
Since each read in a PARS-type experiment contains information on the RNA structural 
environment of only a single base,  it is desirable to get an average of several reads per 
base. This is a reasonable goal for highly abundant transcripts but not for the great 
majority of transcripts that are expressed at much lower levels.  Based on the empirically 
observed, log-normal type distribution of reads-per-transcript, we can estimate how many 
Chlamydomonas transcripts would have an average of 1 read/base at various depths of 
sequencing. As shown in (Figure 2), at a sequencing depth totaling 100 million reads, 
corresponding to an average coverage of ~2 for all transcribed bases in the 
Chlamydomonas genome, less than 3000 genes (<20% of the total) would have an 
average coverage of even 1 read/base, and these are the most abundant transcripts.  
Increasing sequencing depth 5-fold still leaves about half the transcripts with read 
coverage below 1-per-base; another 5 fold deeper sequencing beyond that (2.5 billion 
reads) leaves ~25% of all transcripts below the 1 read/base level. Thus, even with very 
deep sequencing, many transcripts do not even have 1 read/base, let alone the 10 or 
more that are desirable for PARS analysis. The advantage of using random genomic 
fragments, transcribed in vitro, is that coverage is far more uniform.  
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Another issue with current methods and their use of in vivo transcripts is the lack of data 
from non-coding RNA and intronic sequences. Typically, a structuromics protocol purifies 
polyadenylated mRNA from total RNA, precluding the discovery of structured RNA in pre-
processed (non-adenylated) mRNA and in those ncRNAs that are not polyadenylated at 
all. Introns are features rich in regulatory elements. Riboswitches, miRNAs, and 
transcriptional enhancers have all been found within introns and continue to be 
discovered. In addition, the importance of ncRNA - often expressed from intergenic and 
antisense regions - is becoming increasingly apparent (54). Therefore, new methods that 
allow collection of structural data for all sequences are needed.  
To circumvent the issues found in traditional structuromics, I developed an in vitro method 
where the genome to be analyzed is transcribed from overlapping fragments, from every 
region of the genome, ligated to the T7 promoter. The in vitro transcribed genome (IVTG) 
provides a pool of transcripts from all regions of the genome including intergenic and non-
coding regions, as well intronic sequences. The balanced and genome-encompassing 
pool of RNA can then be evaluated by any of the current structuromic protocols. 
Furthermore, IVTG transcripts can be generated in the presence of small molecules or 
other ligands, or the ligands can be added to the RNA after transcription. Such 
experiments allow us to probe the dynamics of the structural landscape and potentially 
identify new riboswitch and ribozyme candidates. As described in this thesis, I developed 
this strategy using the genome of the prokaryote Bacillus subtilis (Bsub) and conducted 






Figure 1. Prokaryotic and Eukaryotic Riboswitch Conservation. The TPP riboswitch 
from the prokaryote B. subtilis and the eukaryote C. reinhardtii are shown side-by-side. 
The prokaryotic riboswitch structure was obtained from the Rfam database. The algal 
sequence was placed on to the structure of the bacterial riboswitch, maximizing by 
manual alignment the similarity of sequence and base-pairing.  The hidden Markov model 
search evidently fails to find the match because of sequence differences (circled bases), 




(Figure produced by Neil Clarke) 
 
Figure 2. Frequency distribution of in vivo transcripts and the effect on coverage. 
A) RNA-seq reads were mapped to the Chlamydomonas genome and used to infer read-
counts for ~16,000 transcripts. The distribution of ~4.6 million reads shown here is roughly 
log-normally distributed, consistent with the distribution of gene expression levels first 
noted in some of the earliest DNA microarray experiments performed in yeast and in 
mammalian cells. B) Due to the roughly log-normal distribution of native transcripts, the 
number of reads required to enable significant scoring of all bases quickly exceeds the 
potential of current sequencing runs. The x-axes show total numbers of reads on a log 
scale (top; range ~50 million to 10 billion) and the corresponding average number of reads 
per transcribed base (bottom; range 1 to around 200).  The plotted value shows the 
number of genes (y-axis) whose transcripts would have an average coverage of at least 
1 at the total read numbers indicated (x-axis).  IVTG samples, with a much more uniform 
distribution of sequence copy number, requires a much smaller number of reads to fall 
well within the coverage afforded by current sequencing standards (82). IVTG samples 






Development and characterization of a method for genome-scale RNA 
structuromics 
2.1 First attempt: Probing for Structure with Gel Mobility  
My initial strategy for identifying structured RNA attempted to exploit the differential 
electrophoretic ability of folded vs. unfolded transcripts. Here, the idea is that stably 
structured RNAs would migrate through non-denaturing gel at a higher rate, thus 
physically separating the total RNA into a gradient of highly structured to highly 
unstructured samples that could then be divided and sequenced.  
Both DNA and RNA migrate through the polymerized matrix of a denaturing gel at speeds 
relative to their lengths. Non-denaturing gels are structurally similar but utilize buffers and 
temperatures that support the migration of molecules in native conformations. I reasoned 
that stably structured small RNAs of similar size, like riboswitches, could be purified away 
from similarly sized RNAs that are not expected to fold stably.  
To test this, I PCR amplified four riboswitch sequences from the Bsub genome, along with 
four comparably-sized randomly-selected genomic fragments. Each was PCR amplified 
such that a T7 RNA polymerase promoter was positioned to drive transcription of the 
riboswitch or control sequences. Following transcription, and the confirmation of product 
formation, the transcripts were pooled and run through a non-denaturing poly-acrylamide 
gel in an attempt to segregate stably folded RNA from the total pool (Fig 3). Slices through 
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the gel were excised and the RNA within the slices purified. The composition of each slice 
was determined by qPCR, with the hope that the riboswitches would all be enriched in 
the faster migrating (more structurally compact) portions of the gel. In fact, only one 
riboswitch (thiM) moved through the gel faster than the bulk of the transcripts. One was 
as slow as the slowest of the control sequences and the other two were about the same 
as, or a bit slower than, the other control sequences. In short, although I observed 
differential mobility among the eight transcripts, mobility was not uniformly faster for the 
riboswitches.  
In trying to understand this unexpected result, I found a report that implied that it should 
not have been so unexpected after all (56). In that earlier study, RNA transcripts 
consisting of randomized sequences, known structured RNAs (such as ribozymes), and 
poly-U transcripts were electrophoresed in a native gel and their migration rates 
observed. Transcripts consisting of a single base (i.e., poly-U) were significantly slower 
than other species, presumably because it is impossible for any kind of Watson-Crick 
basepair to form. However, beyond the slow mobility of poly-U sequences, the mobility of 
the other RNAs had no correlation with a biologically functional structure. That is, both 
riboswitch sequences and randomly generated sequences had electrophoretic mobilities 
greater than poly-U transcripts, but with no discernible pattern to which were fastest. The 
authors propose that this is likely due to all, or most, single-stranded RNA collapsing into 
compact, base-paired conformations, but not necessarily a single, stable and discrete 
structure. The biologically relevant RNAs are compact because they have a relatively 
discrete, functionally evolved structure; the random RNA’s are compact because they can 
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fold into a large ensemble of transient structures that have little to do with one another 
except that they’re compact.  
The lesson I drew from my own experiment, and from a close-reading of the literature, is 
that compactness will not be a useful criterion for identifying novel, functional RNA 
structures.  Instead, any assay that is developed to discover novel riboswitches needs to 
be sensitive to whether a discrete, relatively well-defined structure is formed; it is not 
enough that structure of some sort be formed because that is evidently too easy a matter 
for most RNA sequences. I turned, therefore, to the development of an assay that could 
be built on sequencing approaches for RNA structure determination, with the goal of 
applying the assay to all positions in the genome.  
2.2 Probing for RNA structure with enzymes: extension of the PARS assay to a 
library of in vitro transcribed genomic fragments 
Next generation sequencing (NGS) produces large amounts of data.  On the one hand 
much of the data can be redundant, while, on the other, potentially important sequences 
can be lost due to low representation in the sample. This is especially true for RNA-Seq 
experiments designed for the analysis of differential gene expression (55). Because gene 
expression generates a transcriptome for which abundance roughly follows a log-normal 
distribution (Fig 2), using total RNA extracted from cells undoubtedly dilutes the power of 
sequencing data to probe RNA structure. This is an unstated issue in the original PARS 
papers, too. There, the particular RNAs that are studied are extremely abundant or even, 
in fact, spiked into the yeast transcriptome; most of the analyses are not performed on 
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particular RNAs but on generic gene models using the results of all transcripts 
superimposed on a common start of translation.  
To avoid these issues and to increase the sensitivity for detecting structure in all 
transcribed sequences, including intronic sequences that are missing in the conventional 
PARS assay, I developed a modification of the method that relies on in vitro transcription 
of random genomic fragments. Because my libraries are generated from genomic DNA, 
with all sequences having an equal chance of being represented at the same frequency, 
I can avoid the issues of redundancy (too much sequencing applied to abundant 
transcripts) and missing structures (low-abundance transcripts or introns and processed 
UTRs).  
As with the attempt to detect riboswitches based on structural compactness, I chose to 
concentrate on the Bsub genome because of the abundance of well-characterized 
riboswitches. Figure 4 presents a schematic overview of the method. In brief, genomic 
DNA was fragmented, and adapters ligated so as to add a T7 RNA polymerase promoter. 
Transcripts were produced in vitro and treated either with a single-strand specific (S1) or 
double-strand specific (V1) ribonuclease. The amount of digestion was determined by 
titration of both the enzyme and titration times. Adaptors were ligated to the RNA to permit 
reverse transcription. The products were then ligated to adaptors for sequencing library 
preparation. Reads were mapped to the Bsub genome, with the 5’ end of the mapped 
sequence being interpreted as the nuclease cleavage site. Due to the design of the 
adaptors, we were able to distinguish sequences that were derived from the 5’ end of the 
in vitro transcript from those generated by nuclease treatment. (see Methods for details).   
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2.3 Characterization of the in vitro PARS assay I: genome coverage 
The method succeeds in generating nearly complete genomic coverage. For example, in 
the representative experiment shown in Figure 5, 75% of all the bases in the genome, 
considering each of the two strands separately, is represented by at least one sequence 
tag, from either the single-strand nuclease treatment, the double-strand nuclease 
treatment, or both.  Recall that each sequence tag represents only a single base, the one 
whose cleavage in an in vitro transcript generated the sequence.   
Not surprisingly, the distribution of the ~22% of genome positions that have no tags at all 
is not entirely random.  The open circles in Fig 5A show the expected distribution for runs 
of no-tags, and the red circles the observed distribution. Runs of a few no-tag bases in a 
row are more frequent than expected by chance, but the number of such runs is 
reasonably small. Furthermore, looking at longer runs (Fig 5B) there are only a dozen or 
so genomic regions with ‘no-tag’ runs of 20 or more, with the largest being 73. The sum 
total of these regions represents less than 0.1% of the genome.  
2.3 Characterization of the in vitro PARS assay: structure detection in rRNA-
encoding sequences.  
2.3(a) ribosomal RNA and tRNA score high    
For every position in the genome, the number of single-strand nuclease generated tags 
and the number of double-strand nuclease generated tags was used to calculate a score, 
as described in Methods.  Large positive values of this PARS score are obtained when 
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there is a relatively high number of double-strand nuclease derived tags and large 
negative values when there is a high number of single-strand nuclease derived tags.  Both 
might be indicative of structure. Positive scores suggest double-strand regions and large 
negative scores suggest unusually highly populated single-stranded regions, which would 
be expected in the loop regions of a stable RNA structure.    
To test whether the in vitro PARS assay, and the score we used to summarize the results 
at each base, could discriminate well-structured RNAs from control regions, we asked 
whether the genomic sequences that encode ribosomal RNA and tRNA scored 
exceptionally high. For each genomic region that corresponds to a rRNA or tRNA gene, 
we summed up the absolute values of the PARS scores across the region on the strand 
that corresponds to the naturally transcribed strand. An extra 10bp was added to either 
end because a preliminary analysis suggested that the structural resolution of the method 
was imperfect. To compare this score to what might be expected by chance, a random 
set of 1000 genomic intervals was selected of the same length as the feature in question.  
The score for the real genomic feature was then compared to the distribution of scores 
for the random intervals, expressed as a Z-score (number of standard deviations above 
or below the mean for the random intervals). As shown in Fig 6, all of the 16S and 23S 
ribosomal RNA regions score dramatically high compared to random genomic regions.  
Similarly, nearly all the 5S rRNA regions have Z-scores around 2 to 4, well above what is 
expected by chance. The tRNA genes, being much smaller, are less well distinguished 
from control sequences, but even these are skewed rather strongly to positive Z-scores. 
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I conclude that my in vitro PARS assay is able to distinguish DNA that encodes well-
characterized and stable RNA structures from the bulk of the genome.  
 
2.3(b) At positions in ribosomal RNA that are double-stranded, PARS scores are 
significantly higher for the naturally transcribed strand than for the opposite strand    
The in vitro PARS method simultaneously assays the naturally transcribed strand and the 
complementary strand. For highly structured RNAs, we might expect that the 
complementary strand would have some ability to form structure as well. As already 
noted, in discussing my first attempt to develop a structured RNA assay using gel mobility, 
random RNA molecules are more compact than poly-U, and a sequence that is 
complementary to a structured RNA might be expected to be have some degree of 
structure as well since bases that are complementary to Watson-Crick basepairs in the 
‘sense’ structure could form in the ‘non-sense’ structure as well. However, structured 
RNAs have a lot of defined loop structures, loop-loop interactions and non-Watson-Crick 
basepairing that would not be expected to work the same way on the complementary 
strand. In short, we might expect some degree of structure in the complementary strand, 
but not to the same degree.  
To test whether the structure we observed in the ribosomal RNA genes was strand-
specific, we looked at the distribution of PARS scores for bases that are single-stranded 
in an rRNA region and for bases that are double-stranded, and we looked at those score 
distributions on the naturally transcribed strand and on the non-transcribed strand (Figure 
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7A). In the rRNA structure, according to the sequence as run against the Rfam model for 
rRNA, there are 916 bases in double-stranded regions and 639 in single-stranded 
regions. The (log-transformed) PARS scores for these bases span a wide range, but there 
is a significant difference between the two: bases in double-strand regions have a median 
PARS score of about 10, while the single-stranded bases have a median score of around 
0.  A  t-test on the (log-transformed and approximately normal) PARS scores show that 
the difference in the PARS scores for double-stranded and single-stranded bases is 
significant (p = 8x10-5).  In contrast to the normally transcribed strand, the non-transcribed 
strand has PARS score values that are indistinguishable for the same two classes of 
positions.  
Restricting ourselves now to the transcribed strand, we find an even more striking effect 
for double-strand bases that are also flanked by double-strand bases (ddd, of which there 
are 577 in rRNA), compared to single strand bases that are flanked by single-strand bases 
(sss, of which there are 326) (Fig 7B).  Despite the smaller sample size, the difference in 
PARS scores for the centers of similarly structured bases has an even lower p-value 
(p=8x10-9) than do the double and single-strand regions defined by single bases.  
 
2.3(c) At moderate resolution, the ratio of double-stand and single-strand nuclease 
derived tags reflects the number of double-stranded bases in the region 
The previous two sections established that (i) rRNA can be readily distinguished from 
comparably sized random genomic fragments by the high absolute value of its PARS 
scores summed over the length of the gene, and (ii) positive PARS scores are associated 
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with known base-paired structures only when the transcript is derived from the naturally 
transcribed strand, not its complement. To examine a bit more closely the association of 
structure-specific nuclease cleavage with known structure, we asked whether the ratio of 
double-strand nuclease derived tags to single-strand nuclease derived tags was 
dependent on the number of double-strand bases in the region. We chose to look at the 
correlation in 10bp windows, scoring both the nuclease-derived tags in that window and 
the number of base-paired nucleotides according to the Rfam model. As shown in Figure 
8, 10bp windows of rRNA sequence that have 6, 7, 8, 9 or 10 bases that are considered 
double-stranded in the Rfam model have several times more double-strand nuclease cuts 
than single strand. Conversely, 10bp windows of rRNA sequence that have fewer than 4 
or fewer bases considered to be double-stranded in the Rfam model have many more 
more single-strand nuclease cuts than double-stranded.  
The use of a window for this analysis was motivated by a rather uneven correspondence 
at single-base resolution between the predictions of our data and the Rfam-based 
structure inferred for Bsub rRNA. These differences may be because the nucleases do 
not cut well near structural junctions or perhaps the model for the Bsub rRNA is imperfect. 
A 10bp window is evidently large enough to average out the effects, whatever they are; 








Figure 3. Using Native-gel Mobility to Isolate Structured RNA. Four random mRNA 
sequences and four riboswitch sequences were transcribed in vitro, pooled, and run on a 
non-denaturing, polyacrylamide gel. Following electrophoresis, RNA was extracted in 
fractions (left). The RNA from each fraction was tested for the relative concentration of 
each construct using qPCR and specific primers. For each of the random transcripts (1-
4) and the four riboswitch sequences (B12, glmY, moho and thiM), the fraction in which 








Figure 4. Schematic of IVTG PARS. Extracted genomes are fragmented and ligated to 
T7 promoters that are then expressed, in vitro, using T7 polymerase. The resulting 
transcript pool is split and treated with either S1 single-strand RNase or V1 double-strand 
RNase. Cleaved RNA samples are then ligated to directional RNA adapters and amplified 
to generate Illumina-ready sequencing amplicons. Reads are then mapped to the 
reference genome, the first base of which is considered to be the cleavage site of the 
nuclease. 
 
Full Genome in vitro 
PARS
• Does not require RNA extraction  
• Quick and large-scale production 
   of RNA 
• Equal distribution of transcripts 
• Includes intronic and intergenic  
  sequences 
• RNA is folded co-transcriptionally 
• Strand-specific RNA-seq for  
   Illumina platforms 
• Paired-end, multiplex, strand   
  specific sequencing for Illumina   
  platforms
Details on the methodology. 





Figure 5. Distribution of untagged B. subtilis bases in a typical structurome assay.  
A) More than 75% of the genome is represented by tags from single-strand nuclease 
digestion, double-strand nuclease digestion, or both. Taking the 22.4% of the genome 
that lacks tags and assuming Poisson distribution results in the expected numbers shown 
in open circles. The observed numbers are skewed somewhat towards longer runs, but 
still a majority of ‘no tag’ bases in the genome are in singletons or runs of length 1 or 2, 
and 90% are in runs shorter than 6.  B) Distribution of ‘no-tag’ run numbers by length.  A 
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Figure 6. Ribosomal RNA PARS Scoring vs. Randomized Sequences. PARS-based 
log-likelihood scores were calculated as described (Methods).  Bsub genomic regions 
corresponding to rRNA and tRNA  were obtained from the "tRNA genes" and "GenBank 
ncRNAs" tracks of the UCSC Genome Browser for Bsub. The absolute value of the PARS 
log-likelihood scores was summed over the genomic regions, with an additional 10bp 
buffer on both ends. For each genomic feature scored in this way, 1000 randomly selected 
genomic intervals of the same size were scored in the same way. The score for the 
genomic feature was re-expressed as a Z-score, based on the mean and standard 
deviation of the scores for the 1000 random genomic regions of the same length. The 
gray line is a normal distribution showing the expected distribution of Z-scores for a 
random variable.  
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Figure 7. Positive PARS scores tend to be associated with double-stranded bases 
in rRNA and only on the strand normally transcribed. A) For bases in rRNA that are 
double-stranded (d) or single-stranded (s) according to the match between the sequence 
and an Rfam model, the PARS scores were compared on the naturally transcribed strand 
and the non-transcribed strand. Double-stranded bases have significantly higher PARS 
scores but only for the transcribed strand. The number of bases in each class is indicated 
below the box plots. B) The effect is somewhat larger for double-strand bases that are 
flanked by other double-strand bases (ddd) compared to single-strand bases that are 
similarly flanked by other single-strand bases (sss). The shaded boxplots in this panel are 
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Figure 8. Ratios of double-strand cuts to single-strand cuts are higher in rRNA 
sequence windows with a higher density of base-paired bases. The barchart at the 
bottom shows that 10 nucleotide windows with 6 or more basepaired positions have an 
excess of double strand nuclease cuts within the window, while those with 4 or fewer 
base-paired positions have an excess of single strand nuclease cuts. The top part of the 
figure shows tag counts and structures for the entire rRNA gene; the middle portion shows 










































































RNA structures encoded by the Bacillus subtilis genome 
In the previous chapter, I described the development of a new method for genome-wide 
detection of structured RNAs. I further showed that the method identifies ribosomal RNA 
genes, that the effect is specific to the strand that is naturally transcribed, and that there 
is at least an approximate correspondence between the structure implied by differential 
nuclease cutting and the presence or absence of base-paired structure. Here I extend 
the analysis to the rest of the genome. 
Bacillus subtilis, a well-studied bacterium, has a genome of about 4.2 million base pairs 
(36). Its genome is known to contain at least 29 different riboswitches representing 10 
different classes (37). Furthermore, its transcriptome has been studied in a number of 
different environments (38, 39).  It is these properties that make the Bsub genome ideal 
for exploring RNA structuromic methods.   
 
3.1 The transcribed strands of genes are generally more structured than transcripts 
made from the complementary strand 
The first and most obvious feature we found was a striking signature of secondary 
structure across coding sequences. This was immediately apparent in a genome-browser 
view of the data because of a genome-wide bias in transcriptional direction. The Bsub 
genome, like the genomes of many bacteria, has a substantial transcriptional direction 
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bias, with a majority of genes being transcribed in the same direction in which the genome 
is replicated (57, 58, 59) (Fig 9). After mapping our reads, we found that RNA secondary 
structure also matches this property. Mapping to either the plus-strand or minus-strand 
individually shows a strong bias for structure within the sense strand of the genome (either 
plus or minus depending on which side of the genome the gene resides). This suggests 
that structure is important for mRNA function.  
As the nature of our experimental design allows us to score both the normal, transcribed 
strand and the complementary strand, we can examine more directly whether the 
transcribed strand tends to be more structured than the non-transcribed strand (Figure 
10). For each of the 4173 protein coding regions defined by the UCSC Genome Browser 
track for Bsub, the top PARS structure score (averaged over a 20bp) window was 
identified for that gene. Genes were then ranked according to this top RNA structure 
score, regardless which strand the structure was found on. We found that the top structure 
score tends to be on the transcribed strand, and the higher the score is the stronger the 
tendency for the high score to be on the transcribed strand (Fig 10). This reinforces the 
impression from the genome browser view that natural transcripts tend to be more 
structured than their complements. 
  
3.2  Riboswitches have average PARS profiles consistent with their structures 
There are five genomic regions in the Bsub genome that score significantly high against 
the thiamine (TPP) riboswitch in an Rfam search. Similarly, there are eleven genomic 
regions that match the SAM riboswitch model, and presumably respond to S-adenosyl 
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methionine. Manual inspection of the PARS profiles for some of these riboswitches 
suggested a rough correspondence to the expected structure. To make clearer the 
relationship between PARS scores and structure across the entire family of riboswitches, 
we first smoothed the PARS profiles by averaging over a running 5-nucleotide window. 
We then aligned each of these PARS profiles based on the alignment of the sequences 
to the respective Rfam model. Figure 11 shows the results for the TPP and SAM 
riboswitches. While the correspondence between PARS scores and (presumed) structure 
is imperfect, basepaired regions tend to have positive PARS scores, and the single-
stranded loops tend to have negative scores; indeed the loops seem to be reasonably 
well defined by valleys in the PARS profiles.  
3.3  Response of riboswitches to ligands 
Riboswitches and other RNAs containing small-molecule aptamers bind a variety of 
different ligands (60, 61). Aptamers typically fold into distinct conformations depending 
on whether they are bound or not to their cognate ligand. These structures involve the 
renaturation of different secondary structures. Based on this knowledge, I reasoned that 
incubation of IVTG transcripts with small molecules might change the RNA pool at 
structures where the ligand binds (figure 16). Applying PARS to ligand-treated samples 
might produce changes in PARS profiles at sequences where the ligand causes changes 
in secondary structure. To test this, I supplemented the in vitro transcription buffer with 
physiological levels of three known Bsub riboswitch ligands: S-adenosyl methionine 
(SAM), thiamine pyrophosphate (TPP), and cobalamin (B12). Figure 12 shows PARS 
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profiles for riboswitches in the absence of ligand and in the presence of SAM, TPP, or 
B12; profiles are shown for all eleven SAM riboswitches, all five TPP riboswitches, and 
for the single Bsub cobalamin riboswitch. To simplify visual inspection of the data, the 
PARS profiles shown in Figure 12 were averaged using sliding 5nt windows. In general, 
the four profiles for each riboswitch are quite similar to one another. Thus, even after 
splitting the samples, treating with two different nucleases, ligating adaptors, reverse-
transcribing, and preparing sequencing libraries, PARS profiles are reasonably 
reproducible.   
Inspection of the profiles suggests, in at least some cases, that the profile of the sample 
treated with the cognate ligand is the most different of the four. To quantify this effect, we 
first normalized the profiles of the four conditions to each other based on the sums of the 
absolute values of their nucleotide-resolution PARS scores. The normalized PARS 
profiles were then averaged and the Euclidean distance of each individual profile from the 
average was determined. For most riboswitches (15/17), the profile with the cognate 
ligand is more distant from the average than at least one of the two non-cognate ligands. 
By chance we would expect only half, and that is what we find for the non-sense strand 
(8/17). Furthermore, of the 15 riboswitches for which the cognate ligand profile is further 
from the average than at least one of the two non-cognate profiles, the cognate profiles 
are the most different for 13. Not all of these are dramatic, but several can be understood 
from inspection of the profiles (c.f. SAM2, SAM3, SAM9, and TPP4). The TPP4 riboswitch 
shows an especially dramatic effect of cognate ligand addition, and in a region known to 









Figure 9. Density Mapping of IVTG PARS Reads Across the B. subtilis Genome. The 
height of each region represents the PARS score, with higher scores indicating more 
stable structure. The origin of replication is placed at the center and the entire plus strand 
genome (top) and minus strand genome (bottom) with scores are displayed. Gene density 
on the transcribed strand is represented by the grey-scale bar below each strand. There 
is an obvious bias for structure within coding sequences (high PARS peaks and transcript 
densities on the plus strand of the first ~2Mb of the genome and on the minus strand of 
the last ~2Mb). 
Structure is strongly biased 
toward the functional strand
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Figure 10. Density Mapping of IVTG PARS Reads Across the B. subtilis Genome. 
For each of the 4173 protein coding transcripts obtained from the UCSC Genome 
Browser track, the top RNA structure score (over a 20bp window) was identified for that 
genomic region. Genes were ranked according to the top RNA structure score, regardless 
of which strand the structure was found on, and examined in bins of 250 genes, 
overlapping by 125. The propensity for naturally transcribed sequences to be structured 
was quantified by the ratio of the number of genes for which the transcribed strand had 
the highest PARS structure score compared to the number for which the complementary 
strand had the highest degree of structure. These ratios are plotted against the lower-
bound of the top PARS scores for the 250 genes in the window. The line without yellow 
data points shows the ratios of gene orientations with respect to the genome sequence, 
rather than the direction of transcription. As expected this curve is closer to the randomly 




































































Figure 11. PARS scores averaged over 11 SAM riboswitches and 5 TPP 
riboswitches differentiate stems and loops.   Genome coordinates for each of the SAM 
and TPP riboswitch sequences in B. subtilis were aligned based on alignment of the 
sequences to their respective Rfam hidden Markov model. The PARS scores along each 
riboswitch were smoothed in running 5 nucleotide windows, and averaged across all of 
the riboswitches of that type in the genome. Values above the dotted line are positive 
PARS scores, implying double-stranded structure; values below the line imply single-
stranded structure. Positions that correspond to stem structures in the riboswitch are 
color-coded. Between the PARS value plot and the riboswitch structure is a schematic of 
the structure as defined by Rfam, with different style brackets indicating different 
basepaired stem structures. The peak/valley-like profile is a result of  5-base sliding 
window used for calculating the local scores. Loops are indicated by low horizontal lines.  




Figure 12 (A) PARS profiles of riboswitches with no ligand, SAM, TPP and B12 
(SAM1-SAM6; 5nt windows). Note: the four profiles for each riboswitch are aligned to 
each other, but different riboswitches are not in general aligned due to insertions or 
deletions; furthermore the orientation is with respect to the genome sequence, not the 






















































































































































Figure 12 (B) PARS profiles of riboswitches with no ligand, SAM, TPP and B12 





































































































































Figure 12 (C) PARS profiles of riboswitches with no ligand, SAM, TPP and B12 









































































































































































Figure 13. ‘Distance’ From the average PARS score for the riboswitch region 
averaged over control, SAM, TPP, and B12 Profiles. 
Distances from the average profiles are expressed   relative to the mean distance for the 
two non-cognate ligands. For example, when the motif is predicted to be a SAM  riboswitch 
(e.g., SAM2), the average distance for the B12 and TPP  experiments is defined as 0. By 
definition, one of the non-cognate profiles has a positive value, and the other a negative 
value of the same magnitude. We then determine where the cognate ligand lies. A) For 
most riboswitches (15/17) the cognate profile has a positive value, and for most of those 
(13/15) the cognate ligand has a higher value than both non-cognate profiles. B) 
Importantly, this effect is seen only on the sense strand; on the non-sense strand, half of 
























































































































Figure 14. The TTP4 riboswitch shows a substantial structural change when 
transcribed in the presence of thiamine. The TPP riboswitch folds into a stable, 
thiamine-responsive structure (bottom) when the ligand is absent. In the presence of TPP, 
the binding pocket denatures and hybridizes with new base pairs. The double-strand 
score (blue) at a single nucleotide in this region is much higher in the TPP treated sample; 
the nearby single-strand scores (red) are lower. Sequences that are highlighted in the 





Application of genome-wide PARS in eukaryotes: preliminary studies 
using Chlamydomonas reinhardtii 
I started my thesis research with an eye towards discovering riboswitches in eukaryotes 
but quickly settled on B. subtilis as a model for method development. This was partly 
because bacteria have small genomes, reducing the amount of sequencing required, and 
partly because the genome is enriched with well-characterized riboswitches. However, I 
did engage in some preliminary experiments that have laid the foundation for riboswitch 
discovery in eukaryotes. 
 A number of characteristics make the Chlamydomonas reinhardtii (Chlamy) genome an 
attractive model for the study of RNA structure in eukaryotes. First, the Chlamy genome 
has been sequenced and annotated (40). Our first requirement for a model genome was 
that the genome needed to be already sequenced. We also required that the sequenced 
genome was annotated sufficiently enough that we could later apply our structure analysis 
to known functional regions of the genome. These requirements were not limiting, as 
there are a large number of sequenced and annotated genomes.    
Second, the Chlamy genome is of relatively moderate size at about 120 Mbp (Fig 15). 
This is about one magnitude larger than the yeast genome (41) yet a magnitude smaller 
than the human genome (42, 43). Read coverage at this size fits well with the current 
capacity of affordable NGS (44).  
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Third, the Chlamy genome is known to express structured regulatory RNA like miRNA 
and riboswitches (18, 34). Although current approaches in structuromic analyses typically 
identify signatures of average structure across mRNA, we sought to additionally identify 
new genes and elements involved in regulation.  
Finally, the Chlamy genome includes a significant representation of all genomic features. 
Whereas yeast genomes are primarily coding with very few introns, and metazoan 
genomes are primarily intergenic and intronic, Chlamy genomic features are fairly evenly 
distributed (Fig 15). Also, we reasoned that the larger representation of intronic sequence, 
a feature known to harbor eukaryotic riboswitches and miRNAs (34, 45), could present a 
potentially larger space for the discovery of regulatory RNA. These features informed our 
selection for the Chlamy genome as a unique model for studying genome-wide RNA 
structure. 
4.1  Low-coverage whole-genome PARS analysis 
I initiated a whole-genome PARS study of Chlamy early on in my development of the 
method before deciding that it would be better to work out problems in Bsub where I could 
sequence more deeply and cheaply. Consequently, the coverage I have of PARS data in 
Chlamy is not sufficient to characterize individual genomic fragments. However, like the 
original PARS studies, performed on natural transcripts with their wide range of 
abundances, I can say something about the distribution of apparent structure with respect 
to generic gene features.   
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Figure 16 shows the genic locations at which PARS reads were mapped in Chlamy 
compared to the fraction of the genome that is represented by these features. Strikingly, 
genomic sequences that are not part of protein-coding transcripts (‘nc’) are very much 
underrepresented among PARS reads. In contrast, the untranslated regions of protein 
coding transcripts (UTRs) are over-represented by ~5-6 fold. Coding sequences are 
somewhat underrepresented and introns are present at the expected frequency. These 
differences are very much what we might expect: sequences that are not transcribed are 
under no selective pressure to be structured; of the transcribed regions, coding 
sequences are arguably least likely to be selected for structure, and UTRs and introns 
the most. This is a very preliminary result, but encouraging. 
  
 4.2  Chlamydomonas transcriptome changes in the presence of ligands whose 
effects are or may be mediated by riboswitches. 
Gene expression and regulatory RNA activity are dynamic processes that control cell 
behavior in diverse environments and developmental stages. All genomes have evolved 
expression programs and structural sensors that allow them to take advantage of the 
surrounding environment and to react to internal cues. Habitats and their multi-species 
tenants provide a number of complex molecules that with the proper detection and uptake 
mechanisms can be exploited by organisms that require - but lack - the ability to 
synthesize the needed factor. One example is Chlamy’s utilization of cobalamin (or B12), 
and thiamine from its local environment (64, 65). 
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At least two TPP riboswitches are expressed in the Chlamy genome (34). These were the 
first identified riboswitches in a eukaryotic genome. The thiamine (or TPP) riboswitch 
senses the level of thiamine within the cell. It is located within an intron of a thiamine 
biosynthetic gene. When high levels of thiamine are present, the riboswitch binds the 
molecule and undergoes a conformational change that induces splicing of a premature 
stop codon. The truncated translation effectively down regulates the synthesis of 
thiamine.  
To identify potential genes and pathways regulated by thiamine, B12, and other vitamins, 
I conducted RNA-Seq on Chlamy cultures treated with a small set of ligands: cobalamin, 
three thiamine-related metabolites, biotin, and lumichrome. In addition, I had a no-ligand 
control and an additional sample in which all the ligands were added together. For each 
of these treatments, the log (fold expression) differences for each gene relative to the 
control is plotted against absolute gene expression (Fig 17). In general there are very few 
genes that show unusually large fold-changes. However, those that are seem highly 
enriched in genes that are relevant (Fig 18). For example, many of the genes that are 
repressed in the presence of cobalamin make sense given the role of cobalamin in 
enzymes that are involved in methyl-transfer reactions, and in one-carbon metabolism in 
general. 
If I had had time to continue this line of research, I would have looked carefully at the 
transcripts for these genes. We did in fact perform a de novo assembly of transcripts from 
these data in the hopes of identifying genes whose transcript distribution might suggest 
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an effect of the ligand on splicing, as is the case for the TPP riboswitches in Chlamy. 
However, time did not permit a careful analysis of these data. 
  












Figure 15. Distribution of gene features for yeast, algae, and human genomes. Pie 
charts for each genome show the relative contribution of coding, non-coding (intergenic), 
UTR, and intronic sequences for each genome. The absolute size of each genome is 
represented by the volumes of the cubes. The C. reinhardtii genome consists of a more 






Figure 16. Distribution of reads across genomic features. The table (top) provides 
the relative number of reads mapped to UTRs, coding sequence, introns, and non-coding 
(intergenic) sequence. The colored bars (bottom) provide a visual representation of the 
PARS read distribution compared to the expected distribution, based on the composition 
of the genome. 
  
Genomic distribution of PARS sites
  (Chlamy Genome = 112.3 MB     UTR (3 + 5) = 4.6 MB     CDS = 25.0 MB     Intronic = 33.7 MB     intergenic = 49.0 MB) 
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Breakdown of the read distribution over genomic features. 
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If you bin the reads by orders of magnitude, the distribution is even more skewed. About 35% in UTR, 2% in nc. CDS regions with counts over 1k reads also account for about 50% if total reads at that count. 
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Figure 17. LOESS Curve Fitting for Significantly Regulated Genes in Varied 
Conditions. Supplementing Chlamy growth with different vitamins, in general, had little 
effect on the expression of most genes. However, dozens of genes, including those 
expected to be regulated, showed significant activation or repression. 
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Figure 18. Heatmap of genes deemed substantially regulated by at least one ligand. 
PARS data can be combined with ligand-dependent changes in gene expression to 
provide correlative support for functional sequences. Genes with annotations that seem 
clearly relevant to a particular ligand are colored in the same way as the ligand. Most of 















































































The data we collected from B. subtilis IVTG transcripts allowed us to identify regions of 
the genome that express potentially functional RNA structures. Though the structural 
resolution of individual bases was noisy, possibly due to the unbiased inclusion of natively 
non-expressed flanking sequences in IVTG templates, the regional characterization 
uncovered loci known to express structured transcripts. The candidate loci identified in 
our protocol provides a rich genomic resource that can be further probed in search of new 
genes and regulatory elements. 
It is interesting to note that one might expect that sequence complementary to a stably 
structured region might also generate a “complementary” structure. However, we do not 
find this to be the case. As observed, structure is primarily found in the plus strand. This 
property lends support to the idea that co-transcriptional folding, in which directionality is 
a major contributing factor, is a significant determinant in the final, stable state of the RNA.  
The RNA produced from an IVTG library is accessible by a variety of molecular biology 
methods that could further characterize the interactions and dynamics of transcripts. 
Whole cell extracts, treated to remove native RNA, can be pulled down with IVTG RNA 
to identify functional interactions too weak to be detected in conventional assays. 
Libraries of small molecules can be covalently linked to magnetic beads and used to purify 
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sequences that conform to specific chemical interactions (69). Combining these methods 
with NGS would allow comprehensive analysis of a variety of cellular mechanisms.   
As NGS technology costs continue to drop and runs produce even larger sets of data, 
high-throughput collection will become common. Though synthesis costs have not 
dropped to the levels that sequencing costs have, they too are also following an 
exponential trend in declining costs. With synthesis costs dropping, unbiased 
approaches, like IVTG, will become increasingly popular. A number of studies have 
already utilized cheap, high-throughput synthesis services to construct large libraries of 
genomic and transcriptomic elements that are then analyzed en masse and in parallel 
(70, 71).  
The recent discoveries that small RNAs can guide transcription factors (72, 73, 74, 75), 
that miRNA transcripts can translate short, functional peptides (76), and that RNAs can 
form circular polymers (77) are just a few of the very unique properties RNA can exhibit. 
How their sequences enable these adaptations is of great interest.    
It is also becoming increasingly clear that RNA undergoes a variety of chemical 
modifications that do not alter sequence. Apart from 5’ capping and 3’ polyadenylation, 
other modifications are now being discovered that are suggested to influence stability and 
processing (78). The transcripts generated in our in vitro method do not undergo any of 
these modifications. Though the functional significance of many of these modifications is 
not completely understood, many are found to promote distinct structural shifts in RNA 
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and underlie important cellular processes (79). Protocols that introduce these 
modifications, like in vitro capping, could help to determine a modification’s significance.  
Small sequence changes in RNA, including synonymous changes in coding sequence, 
also have a significant impact on function. Single nucleotide polymorphisms have been 
found to alter function distinctly through structure (53) and single-base changes resulting 
from RNA editing are believed to be important (80). Because our method generates RNA 
from wild-type genomes, the bases conferring important regions of structure may be 
overlooked. Although their PARS scores can infer these regions, with higher scores 
perhaps being involved in stronger purifying selection, a high-throughput method for 
assaying mutations would greatly enhance the data collected. One approach for enabling 
this could be to amplify the T7 genomic templates with an error-prone polymerase. 
However, to investigate the functional potential of every base would require a sequencing 
depth far beyond what is needed for the wild-type sequences. 
As high-throughput methods become more practical, studies that generate massive 
amounts of data representing a diverse set of properties and features will become more 
common. Parallel analyses that examine the transcriptome and proteome, as well as 
epigenetic modifications of the genome – like DNA methylation – will provide researchers 
with deep, comprehensive data sets that explore structure, function, and interactivity. 
These massive parallel experimental designs will likely require new, and perhaps 
automated, assays and computational statistics. Integration of these approaches will 
allow for a deeper understanding of genomic systems. 
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Methods and Materials 
For a detailed, step-by-step protocol for in vitro PARS, please see Appendix A. 
Bacterial Cell Culture and Genomic DNA Extraction 
Bacillus subtilis was grown in LB and lysed during exponential growth. Phenol/Chloroform 
extraction was used to purify genomic DNA. Purified DNA was further treated with RNase 
and proteases to remove any residual molecular impurities that might inhibit downstream 
processing. 
Gel Mobility Assay 
Non-denaturing polyacrylamide gel electrophoresis was conducted at cool temperatures 
using a low-temp, circulating water bath in a refrigerated room. An 8% polyacrylamide gel 
was used for all experiments. Identification of control RNA sequences was determined by 
PCR using sequence-specific primers, amplification, and electrophoresis through a 2% 
agarose gel. A second, quantified identification was done using the same primers but in 
qPCR.  
Chlamy Culture and Vitamin Treatment 
Chlamydomonas reinhardtii cultures were grown and maintained in Tris, Ammonium, and 
Phosphorous (TAP) media supplemented with essential metals. DNA was purified from 
gradient-segregated nuclei to avoid dilution by chloroplast and mitochondrial genomes. 
Experiments assaying the effects of vitamin treatment used TAP media supplemented 
with individual or a mixed subset of vitamins. 
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Chlamy RNA-Seq 
Total RNA was purified using three rounds of phenol/chloroform extraction. RNA was then 
treated with DNase and prepared with the Illumina TruSeq Strand-specific Multiplex Kit. 
IVT Template Construction 
Total DNA from B. subtilis or nuclear-extracted genomic DNA from C. reinhardtii was used 
for construction of the template libraries. Genomic DNA was treated with RNase, washed, 
and sonicated to generate fragments evenly distributed at an approximately 400 bp 
median. These samples were then further size restricted by eluting 400 +/- 25 bp 
fragments in a Pippen Prep Size Selector. Fragment strands were then blunt-ended to 
remove any overhangs and A-tailed to promote T7-adapter ligation (below). Following 
ligation, the adapted templates were again size selected for fragments migrating at the 




T7 Adapter Design 
Adapters were based on Illumina semi-complementary, asymmetric designs with a single 
T-overhang to promote ligation to A-tailed fragments. Amplification of the adapted 
fragments generates a transcription template comprised of a T7 promoter at one end and 
a T7 terminator at the opposite end.   
in vitro Transcription 
The ProMega RiboMax Large Scale RNA Production System was used to express, in 
vitro, the ~400-base RNAs from the T7-adapted templates. The transcription reaction was 
carried out as per the manufacturer’s protocol with the included RiboMax buffer 
supplemented with magnesium to facilitate cotranscriptional folding of RNA secondary 
structure. After transcription, the samples were treated with DNase to remove template. 
The quality and size of the IVTG pool were assayed with the Agilent Bioanalyzer (below). 
 
 One-hit Kinetics of S1/V1 RNase 
Samples were treated with varied concentrations of S1 or V1 RNases for different lengths 
of time. Digested samples were then run on Agilent Bioanalyzer RNA chips (below) to 
determine fragment size distribution. Concentrations and times generating cleaved 
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products primarily in the 150 bp – 250 bp range were used in the experimental protocol. 
Cleaved in vitro transcripts generate RNA fragments structurally equivalent to untreated 
transcripts with phosphorylated 5’ ends and 3’ hydroxyl groups,  
 
RNA Adapter Design 
To construct sequencing libraries with conserved directionality, we utilized the SOLiD 
splint adapter concept (shown below). The 5’ end of RNA samples were treated with T4 
RNA Ligase 2 (NEB) in the presence of DNA/RNA hybrid adapters with random hexamer 
overhangs. cDNA was then produced using SuperScript III reverse transcriptase and RT 
primers matching the common 3’ terminator sequences. This necessarily generates 
cDNA only from the 3’ end of cleaved products. Finally, cDNA samples were treated with 




Illumina Library Preparation 
The cDNA libraries were minimally amplified using standard Illumina amplicon primers. 
To minimize biases produced by PCR, an aliquot of each sample was qPCRed and their 
amplification curves analyzed. The number of PCR rounds required to meet a minimal 
amplicon mass necessary for efficient sequencing was used for the library PCR. 
Quantitative PCR was again used as a quality control check of library structure and 
concentration. 
Log-likelihood PARS Scoring 
In order to derive a PARS-like score for a given base, it is necessary to use the number 
of sequenced tags that are derived from a cut at that base by a single-strand-specific 
nuclease and the number of tags derived from a cut by a double-strand-specific nuclease.  
Using the ratio of the raw number of tags directly, though, is problematic for a number of 
reasons, starting with uncertainty over how to handle values of zero. To avoid this 
problem, we model the probability distributions of the single-strand and double-strand 
nuclease derived tag counts  to obtain the probability of finding the observed number of 
tags at a given base. The 'structure score' of that base is defined as the log-likelihood 
ratio for the observed number of double-strand nuclease derived tags to the observed 
number of single-strand nuclease derived tags.   
The likelihood of finding a given number of tags was based on fitting the empirical 
distribution of read numbers to a negative binomial, performing the fit separately for each 
in vitro PARS experiment, and separately for the single strand-specific and double-strand 
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specific treatments. The distribution of read counts was fit to a negative binomial using 
the empirical mean and standard deviation of the read count distribution. A negative 
binomial distribution is sort of like a Poisson distribution, but is well suited for distributions 
in which there are more high values than a Poisson distribution would expect. This is the 
case for these experiments because the numbers are not random (if they were, there 
would be no basis for the assay) but are biased towards the most stably structured and 
least stably structured regions in the in vitro transcripts (based on cutting by ds-specific 
and ss-specific nucleases, respectively). In addition, distributions that are broader than 
the Poisson distribution can be expected even if there are no structure-based 
preferences.  This is because the sampling of tags is the cumulative result of several 
random steps, not just one: these include the construction of the transcriptional templates, 
the efficiency of transcription of the templates, and the efficiency of sequencing. Any 
biases in these processes will contribute to differences in the numbers of both single-
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APPENDIX A: in vitro PARS Protocol 
 
Genomic DNA Extraction 
1. Collect ~10 uL of log growth cells  
2. Suspend cells in 300 uL SDS extraction buffer 
3. Incubate for 15-30 minutes at 65° in thermomixer, shake at 1000 RPM 
4. Add 300 uL of Phenol:Chloroform:Isoamyl Alcohol and mix well 
5. Spin in tabletop centrifuge at max speed for 5 minutes 
6. Remove 200 uL of the aqueous phase and add 200 uL isopropanol; mix 
7. Spin at max speed for 15 minutes 
8. Remove ethanol with disturbing the pellet 
9. Wash with 1 mL of 70% ethanol 
10. Spin at max speed for 5 minutes  
11. Remove ethanol 
12. Dry overnight at room temperature, or at 42° for 5-10 minutes 
13. Dissolve in 20 uL of nuclease-free H20 
14. Nanodrop for concentration and purity 
gDNA Fragmentation 
1. Dilute gDNA sample to 100 ng/uL in 1X TE buffer 
2. Add 130 uL of diluted sample to a Covaris microtube 
3. Sonicate the sample at the manufacturer’s recommended settings 
4. Clean up and concentrate DNA to 20 uL with Qiagen MinElute Kit 
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Size Selection for Range of Fragments 
1. Prepare a 1.5% agarose gel  
2. Add loading dye to sample and load in a single lane 
3. Run for 20 minutes at 100 V alongside 100 bp ladder 
4. Cut out sample between 400 bp and 1000 bp 
5. Extract from gel and clean up using Qiagen MinElute Gel Extraction Kit 
6. Nanodrop 
7. Dilute to 100 ng/uL in nuclease free H2O 
(Optional: use Ampure Beads for size selection) 
End-Repair 
- Polish the fragment ends using NEBNext End-Repair Module 
1. Prepare in a 200 uL PCR tube: 
 Fragmented DNA (5 ug)  50.0 uL 
 10X End Repair Rxn Buffer 10.0 uL 
 End Repair Enzyme Mix   5.0 uL 
 Nuclease-free H2O   35.0 uL 
2. Incubate in a thermocycler for 30 minutes at 20° 
3. Cleanup and elute to 30 uL with a QiaQuick Column     
A-tailing 
- Add single 3’ dA using NEBNext A-tailing Module 
1. Prepare in a 200 uL PCR tube: 
 End Repaired DNA   30.0 uL 
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 10X dA-Tailing Buffer   5.0 uL 
 Klenow Fragment(3->5 exo-)  3.0 uL 
 Nuclease-free H2O   12.0 uL 
2. Incubate in thermocycler for 30 minutes at 37° 
3. Clean up and elute to 10 uL with Qiagen MinElute Column 
T7-Adapter Ligation 
- Add T7 promoter sequence to the fragments 
Adapters: 
T7-Y-OligoA: TAG ACG CTC TTG CAC TGA CGA CGA CTC ACT ATA GG*T 
T7-Y-OligoB: P-CCT ATA GTG AGT CGT ATT ATC ATT GTC TTC TCG TC 
(*Phosphorothioate Linkage; P = Phosphorylated)  
Annealed Adapter: 
5’ TAGACGCTCTTGCACTGACGA 
             CGACTCACTATAGGT – 3’ 
             GCTGAGTGATATCC – 5’ 
3’ CTGCTCGCCTGTTCCTATTAT 
1. Prepare in a 200 uL PCR tube: 
 2X Rapid Ligation Buffer     2.0 uL 
 A-tailed DNA      10.0 uL 
 15 uM Adapter Mix      2.0 uL 
 T4 DNA Ligase      1.0 uL 
 Nuclease-free H2O      5.0 uL 
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2. Incubate at room temperature for 15 minutes 
3. Clean up and elute to 12 uL with Qiagen MinElute Column 
ivT Template Enrichment 
- Amplify asymmetric T7 ivT templates 
Primers: 
T7-PrimerA: GAC GAG CGG ACA AGG ATA ATA (Tm = 52.4°) 
T7-PrimerB: TAG ACG CTC TTG CAC TGA CGA (Tm = 54.4°) 
1. Prepare PCR mix as follows: 
 10X Pfx Buffer Mix    5.0 uL 
 T7 Enrichment Primer Mix   1.5 uL 
 T7 Adapted gDNA (20-100 ng)    30.0 uL 
 Pfx Accuprime     0.5 uL 
 Nuclease-free H2O       13.0 uL 
2. Amplify on thermocycler with heated lid: 
 95° -  5:00 
   ----------- 
 95° - 0:30 
 50°  - 0:30   (15 cycles) 
 68° - 1:15 
   ----------- 
 68° - 5:00 
 16°  - hold 
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3. PCR clean up with QiaQuick Column 
4. Dilute sample to 100 ng/uL 
in vitro Transcription 
- Generate in vitro transcripts using RiboMAX ivT Kit 
1. Prepare in vitro transcription reaction: 
 RiboMAX Express T7 2X Buffer  10.0 uL 
 T7 gDNA template (500 ng)   5.0 uL 
 Nuclease-free H2O     1.0 uL 
 10x RNA Structure Buffer     2.0 uL 
 Enzyme Mix, T7 Express     2.0 uL 
2. Incubate the reaction in a thermocycler for 30 minutes at 37° 
3. While running the in vitro transcription, prepare buffer the RNase treatment. To a 200 
uL PCR tube add: 
 Nuclease-free H2O    234.0 uL 
 10x RNA Structure Buffer    26.0 uL 
4. Set aside at room temperature 
5. When the in vitro transcription reaction completes, place at room temperature and 
immediately add 80 uL of the H2O/Structure Buffer solution 
5. From the 100 uL ivT reaction, purify 50 uL of reaction with a GE Healthcare G-25 
Column (this removes the free nucleotides so that a more accurate transcript 
concentration can be determined) 
6. Nanodrop the purified sample to determine RNA concentration 
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7. Store the purified RNA at -20° 
8. Proceed to the RNase digestion with the 50 uL of leftover, unpurified RNA    
RNase Digestion 
1. Split the H2O/Structure buffer solution in to two 200 uL PCR tubes (90 uL each) 
2. Using the RNA concentration determined above, aliquot 2 ug of unpurified RNA into 
each tube  
3. To one tube add 10 uL of S1 RNA nuclease 
4. To the other tube add 10 uL of 1:100 V1 RNA nuclease 
5. Incubate the reactions for 15 minutes at room temperature 
6. Inactive the reaction by adding 100 uL of Phenol:Chloroform:Isoamyl alcohol to each 
reaction 
7. Vortex and spin at max speed for 10 minutes at 4° 
8. Transfer the aqueous layer to a fresh tube and add 10 uL of 3M sodium acetate, 1 uL 
of glycogen, and 300 uL of 100% cold EtOH 
9. Precipitate for at least 2 hours at -20° 
10. Spin at max speed, at 4° for 15 minutes 
11. Remove the supernatant and wash the pellet with 70% cold EtOH 
12. Spin at max speed, at 4° for 3 minutes 
13. Remove all ethanol and dry at room temp overnight or at 42° for less than 10 minutes 
14. Resuspend the RNA in 3 uL of nuclease-free H20 
RNA Ligation 
1. To a 200 uL tube add 3 uL RNA, 2 uL of adapter mix, and 3 uL of hybridization buffer 
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2. Incubate the tubes for 10 minutes at 65° 
3. Incubate the tubes for 5 minutes at 16° 
4. Place the tubes on ice 
5. To each tube at 9 uL of nuclease-free H2O, 2 uL of 2x RNA ligase buffer, and 1 uL of 
T4 RNA Ligase 2 
6. Incubate for at least 8 hours in thermocycler at 37°  
RT-PCR 
- Generate cDNA 
1. Prepare in a 200 uL tube on ice: 
 Ligated RNA     20.0 uL 
 2 uM RT Primer      1.0 uL 
 2X First Strand Rxn Mix   25.0 uL 
 SuperScript III       4.0 uL 
2. Incubate in thermocycler for 50 minutes at 50° 
3. Add 1 uL of RNase H and incubate for 30 minutes at 37° 
4. Clean up and elute to 30 uL 
Second-strand Synthesis 
- Generate dsDNA  
1. Prepare PCR mix in a 200 uL tube: 
 10X Pfx Buffer Mix      5.0 uL 
 10 uM dsDNA Primer mix     1.5 uL 
 cDNA           30.0 uL 
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 Pfx Accuprime       0.5 uL 
 Nuclease-free H2O        13.0 uL 
2. Perform a single round in a thermocycler: 
 95° -  5:00 
 50°  - 0:30    
 68° - 5:00 
 16°  - hold 
3. Clean up and elute to 20 uL with a Qiagen MinElute Column 
Size Selection 
1. Prepare a 50 mL, 1.5% Agarose gel with 6.5 mm teeth comb 
2. Add 4 uL of 6X loading dye to each of the samples 
3. Alongside a 100 bp ladder, load each of the samples with an empty lane between each 
4. Run the gel at 120V for 60 minutes 
5. Using the ladder, extract a 1 mm x lane width band at 200 bp 
6. Purify and elute to 30 uL using Qiagen Gel Extraction Kit 
 Library Enrichment 
1. Prepare the enrichment PCR mix: 
 10X Pfx Buffer Mix     5.0 uL 
 10 uM Library Primer Mix    1.5 uL 
 Library DNA        30.0 uL 
 Pfx Accuprime      0.5 uL 
 Nuclease-free H2O       13.0 uL 
	 73	
2. Amplify on thermocycler with heated lid: 
 95° -  5:00 
   ----------- 
 95° - 0:30 
 50°  - 0:30   (15 cycles) 
 68° - 1:15 
   ----------- 
 68° - 5:00 
 16°  - hold 
3. Clean up and elute to 30 uL using a QiaQuick Column 
Quality Check 
1. Run 1 uL of each sample on a 2100 Agilent Bioanalyzer using the DNA High-sensitivity 
chip 
2. Determine effective library concentration by qPCR 
3. Store library at -20° 
 
  
